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Review/Synthése

Design-based and model-based inference in
survey sampling: appreciating the difference

Timothy G. Gregoire

Abstract: Model-based ideas in finite-population sampling have received renewed discussion in recent years. Their
relationship to the classical ideas in sampling theory do not appear to be universaly well understood by samplers in applied
disciplines such as forestry, and ecology more broadly. The two inferential paradigms are constrasted, and explanations are
supplemented with examples of discrete as well as continuously distributed populations. The treatment of spatia structure
is examined, also.

Résune: Lesidées sur I'échantillonnage des populations finies basées sur des modéles ont été le sujet de nouvelles
discussions depuis quelques années. Leurs liens avec les idées classiques en théorie de I'échantillonnage ne semblent pas
étre universellement bien compris par les personnes effectuant de I'échantillonnage dans des disciplines appliquées telles
que la foresterie et, plus généralement, I'écologie. Les deux paradigmes d’inférences sont comparés et les explications sont
accompagnées d’exemples basés sur des populations distribuées de fagon discréte ainsi que continue. Le traitement de la
structure spatiale est aussi examiné.

[Traduit par la édaction]

1. Introduction Hansen et al. (1953), Sukhatme and Sukhatme (1970), and
Cochran (1977) expound this paradigm of design-based in-
ference. Survey results from resource inventories in forestry
and ecology have long been interpreted by the design-based

The purpose of this article is to elaborate and contrast
design-based with model-based inference in the context of
survey sampling and the estimation of population values. It

o | perspective.

is aimed towards those who use sampling methods for pur- ) ] . . .
poses of research or public inquiry, who are uncertain of the Alternative to the design-based framework is one in which
essential differences between the two inferential paradigms a model serves as the basis for inference about population
and how those differences affect the interpretation of survey parameters in the context of survey sampling (cf. Brewer
results. As Schreuder et a. (1993, p. 205) pointed out, the 1963; Royall 1970; and Cassel et al. 1977). While resource
important issue is the recognition that both paradigms have a specialists in forestry and ecology are generally less famil-

solid theoretica basis — they simply differ. It is hoped that ~ iar with model-based inference, there is a growing body of
by better understanding these differences, forestry and ecoWwork within these disciplines that embraces this alternative
logical scientists will appreciate the comparative advantagesinferential framework. Within forestry &tern's (1960) clas-
and disadvantages of using the sample design versus a poss/C work on spat_lal variation is probably the premier example
tulated model as the basis for scientific inference, with the Of model-based inference. Rennolls (1981, 1982), Wood et al.
result that a more informed choice of one or the other can be(1985), Mandallaz (1991), Schreuder et al. (1993), Kangas
made. (1994), and Eriksson (198p have also investigated the util-
: , ity of model-based inference in forest inventory. These works
Since Neyman's (1934) famous paper read before the notwithstanding, current literature in forestry and ecology in-

Royal Statistical Society, the literature on survey sampling, . ! , Yo
indeed the practice of same, has been dominated by an infer-d'cate much ongoing confusion about the distinction between

ential paradigm wherein inference is independent from any these two modes of inference. A failure to appreciate the un-

assumptions about population structure and distribution be_?erplnzllngs oLonZ or the totr}er mode ogmfgrer:ﬁetcoql(:]:ea;ﬁ
cause it relies instead on the distribution of all possible esti- 0 needless abandonment of a survey design that mignt otn-

mates permissible under the sampling design. The design jerwise be ideal for purposes of scientific inquiry. Of greater

crucial for inference. The classic texts on sampling such as concern 1S the pOSSIbIlIt)_/ that unwarranted or ”_"Sta"e” as-
sumptions may lead to inferences whose validity does not

withstand scientific scrutiny. The level of detail and techni-
cal complexity in this article is considerably less than that

Received March 19, 1998. Accepted October 5, 1998. of Cassel et al. (1977), yet it is sufficiently explicit to high-
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presubmission review of the material presented here indicated
that the level of detail and illustrative derivations were triv-
ialy apparent and a distraction to some of those well versed
in the relevant issues, while it was revealing and occasionally
challenging to those that had never thoroughly considered the
issues previously. The many numbered examples and remarks
are intended to make the material understandable to a broad
midrange of potential users. Suggestions for further reading
to supplement selected issues raised in this article are made
in the last section.

Remark 1

| conjecture that confusion about model-based inference
has been fostered in part by an uncritical use of the terms
“model-based sampling” and “model-based estimation” in

contexts where model-based inference was intended. In my

view, sample selection cannot be inherently model based.
Sampling may be described aptly as being probabilistic, or
sequential, or purposive, for instance, as these terms imply|
broadly the manner in which population elements are selected

Can. J. For. Res. Vol. 28, 1998

X,. may be vector valued, corresponding to multiple sources
of auxiliary information.

The objective is to estimate some function, g4¥;,), of
the population total, where

T, =Y Y
keu

In the simplest casg(7}) is the identity function, so that;,
is itself the target parameter. In other cases the target may be
the population mean value

or the target may be the population ratio

_ L

T

Q(Ty) =R
Let I, be an indicator of sample inclusiof; = 1 if the
kth element is selected into the sample, dpd- 0 otherwise.

Let ©2 symbolize the set of all possible samples permissible

into the sample. One might describe the design of the sampleunder the sampling design, and {€ts) denote the probabil-

as being model based, and it is perhaps this that Schreude
and Williams (1995) intended by the phrase * such model-
based sample selection methods as purposive sampling shoul
yield reliable estimates.”

Estimation, in contrast with sample selection but similar
to the choice of sample design, may appeal to a model struc-
ture, as with the well-known ratio and regression estimators.
But | question the utility of distinguishing between design-
based and model-based estimators: properties of the linea
regression estimator of the population total, say, can be de-

duced with respect to the design or with respect to a presumed

model, which makes it rather equivocal to label the estima-
tor itself as being design based or model based. The crucial
distinction between design-based and model-based alterna:

Ity of selecting sample5 under this design. The probability
of including thekth population element into a sample is by
definition

[1] T = Prob([k = 1)

Z Ip(s)

SeQ

> pls)

SeQ

r

where();. is the subset of2 comprising all those samples that

tives is whether inference, not the estimator, is based on theinclude thekth population element. For example under simple
model. Hansen et al. (1983) proposed that estimation based omandom sampling (SRS) without replaceme®y, consists of
a model be termed model based and that inference based o n_(lf)v!zji)’_n)! equally likely samples, each with probability

a model be labeled model dependent. This semantic distinc-
tion has not been embraced widely in subsequent statistica
literature, and it is not one to which | adhere. Specifically,

in the remainder of this article, all comparisons of alternative
inferential paradigms will be termed design based or model
based as appropriate to the context.

2. Notation

In the discrete case, the populatihconsists ofN ele-
ments. Associated with thigh of these elements is a value,
Y. For multiresource surveys, may be a vector value,

Ip(s) = —n!(]f\,,_n)!. Thus
(N -1 n
= oIV —y PO TN

When sampling with replacement, whether by SRS or not,
m = 1 — (1 —pg)™, wherepy, is the probability of selecting
the kth element in each of the draws. Notice thatr, < npy
whenevern > 1, although for smallp, and largen,

NPk

~
~

The number of distinct elements in a sample is denoted
by v = > cu Ir- When sampling with replacement for a

where each component of the vector is the value correspondfixed sample size of, elements,y < n whereas without-

ing to a distinct resource. For the present, however, | con-
centrate upon the special case whggds scalar. Associated
with the kth element of the population is@ax 1 vector, X7,

of auxiliary information. Even in the case whérg is scalar,

replacement sampling ensures that n. With-replacement
designs usually result i being random whilen is fixed
whereas other designs resultrirbeing random, e.g., Poisson
sampling. In the formetd’[v] = >, ., ™, while in the latter,
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En] =,y ™, and neither expected value will necessarily

be integer valued. Obviously when n is fixed a priori by de-

sign, asin SRS without replacement, n = Eln] = >, ., Tk.
In the continuous case,

Ty—/AY(Z)dZ

where 7 specifies the spatial location within the region A
over which the population is dispersed, and Y (Z) indicates
the spatial response surface at location Z. The area extent
of the population is thus

A:/dZ
A

so that the popul ation mean valueis p,, = 7T}, /A. The (contin-
uous) probability density of the sampling procedure is denoted
by f(Z). A uniform density is common, viz. f(Z) = 1/A;
however, f(Z) may be something other than the uniform den-
sity, as in applications of importance sampling (Gregoire et
a. 1993, 1995) where it is proportional to a function of aux-
iliary information. Stevens (1997) provided a thoughtful and
illuminating examination of variable probability sampling de-
signs for continuous domains.

3. Design-based inference

In the design-based framework, the population is regarded
as fixed whereas the sample is regarded as a realization of
a stochastic process. In virtually al the standard texts on
sampling, such as those cited in the introductory section, in-
ference is based on the distribution of estimates generated
by the sampling design and free of any assumptions about
the distribution of Y}, (or Y (Z) in the continuous case) val-

ues in the population (cf. Sarndal 1978; Rao 1997). This
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reference to the model-assisted approach to survey sampling,
and these authors’ summary statement (p. 227) is authorita-
tive:

The role of the model £ is to describe the finite popu-
lation scatter. We hope the modd ¢ fits the population
reasonably well. We think that the finite population
looks as if it might have been generated in accor-
dance with the model £. However, the assumption is
never made that the population was reslly generated
by the modd £. Our conclusions about the finite pop-
ulation parameters are therefore independent of model
assumptions.

In the design-based framework, the probabilistic nature of the
sampling design is crucial, as it is the only source of random-
ness ascribed to each of the possible samplé€s ifhis is not

the case in the model-based approach to inference, as shown
in the next section. Inasmuch as a design such as SRS does
not necessarily imply the use of one particular estimator or
another, the stipulation of both design and estimator is neces-
sary in order to be unequivocal. The combination of a sam-
pling design and estimator is known asanpling strategy

in current vernacular. WheR [n| = v = n, an estimator, say
9(T,), is said to be consistentdfT,,) = ¢(T}) whenn = N.

Also known as Fisher consistency (Fisher 1973, p. 150), this
concept is distinctly different from a limit in probability that
one encounters in a text on mathematical statistics such as
Bickel and Doksum (1977). &ek (1981, p. 40) labeled this
property “representativeness”. Brewer (1994) pointed out that
the notion of consistency enunciated by Neyman (1934) is “a
very different concept” than that currently accepted.

Remark 2
One occasionally hears of “biased sampling,” a term that

distribution is known as the randomization diStribUtion; the is technica”y incorrect when app“ed to a probabmty sam-
derivation of this term is obscure but is likely attributable ple whereinz, > 0 for k = 1, ..., N. Bias is a property

to Fisher (1935; cf. Box and Anderson 1955, p. 3). A uUse- of an estimator, not a sample selection scheme; see Smith

ful concept is that of aeference distribution (Fisher 1956,

(1991) for an elaboration. Clearly, what this term implies is

p. 77; Rao 1985), as it permits an illuminating contrast with 3 sampling strategy that leads to biased results. The moniker
alternative bases of inference. In the context of design-based:sjze-piased sampling” is well entrenched in the sampling
inference the diStribution to Wh|Ch we refer in Order to infer |iterature, used |Oose|y as a Synonym for pps Samp”ng_ As
the statistical properties of estimators is the distribution of Qyerton and Stehman (1995, p. 265) tactfully advised, this

estimates that results from all possible samples permissiblephrase «. .

. must not be incorrectly interpreted to imply that

under the sampling design. For example, Stuart (1976) enu-sampling with probability proportional to size automatically

merated the 15 without-replacement samples of size 2

from a population ofV = 6. The 15 estimates corresponding

to these samples is theference set and their distribution is
the reference distribution.

creates bias since variable probabikgmples have no inher-

ent bias. However, bias of thestimator is of concern. .. .”
Customarily the mean and variance of an estimator, i.e.,

the first two moments of the reference distribution, are of

Plausible models relating to X' assist during the design  chief concern. Here, | derive both from first principles for
stage to help craft an apt design (e.g., probability proportional the Horvitz—Thompson (HT) estimator, viz.:
to size, or pps, sampling) or an efficient estimator (e.g., a gen-
eralized ratio estimator df},), but inference remains firmly 2] 7o Z Yk _ Z Yl
rooted in the design. With the model-assisted approach, as Y ™ g Tk
it has been called, one tries to devise estimators with good
design-based properties and that nonetheless appeal to a d&ecausey, is a fixed, not random, value in the design-based
scriptive model. &rndal et al. (1992) is perhaps the premier framework, the only thing iff}, that is random is the inclusion
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of y into the sample, i.e., whether [, =1 or I, = 0. Using
T, v(s) to signify the value of T provided from a particular
sample in €, one gets by deflnltlon

[ ] ZT ) x p(s)

SeN

-3 (S )

SeQ \keU

> (22w

kel \SeQ

=3 y’f (Z Ik.p(s)>

keu SeN

z%(zmﬁ

keu SEQy,

_Z_W

keu

where the defining relation for 7, in eq. 1 is used after the
second to last line. | emphasize that this derivation of the
expected value of T}, is impervious to the distribution of the
{yr, k=1, ..., N} inU (henceforth denoted yi. € U).

The variance of fy,

VT =Y (Tys) - E[fy])z x p(s)

SeN

= £ [7] - (2 [1])

is derived in a pardld fashion. Because

Ytk vili YrYr I L
- (k) sl sl

keUu keu Kk k#£k'eU

and

Dot D yk

keu k#£k'elU

(b 1)1 -

the following result is obtained:

@ v[R] = (1)

kel

+z§pm(7%y—q

k£k' €U
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=> (1;:”‘)

) www (77“‘%}”3 L )

kAk' U

where 7, = E[I;] = E[I?] = Prob[l, = 1], and where
mre = Prob [Ir = 1, Iy = 1] isthejoint inclusion probabil-
ity of the kth and k’th elements together. R

In the design-based framework the variance of 7, and
al other estimators, is the variance among the estimates from
al possible samples in the reference set 2 — the reference
distribution is the distribution of these estimates, not the dis-
tribution of they,. values in the population. This is not meant
to imply that the variance of an estimator ‘b will be un-
affected by the variability of the, € /. Indeed for a few
special cases the variance of an estimator can be expressed
analytically as a function of the variance among the= U,
namelyo, = N=' Y7, o, (yx — 11,,)°. But the essential point
to remember is that even in the latter situation the variance of
an estimator and the variance of i@ are reckoned with re-
spect to two different distributions in the design-based frame-
work. Within this framework the variance of an estimator is
not statistically dependent on the distributionyaf € . In
the model-based framework, this is not the case.

For a spatially distributed discrete population such as
trees in the forest, the spatial distribution of the popula-
tion elements (trees) may affect the joint inclusion probabil-
ities, but not necessarily. With a 3P/Poisson sampling design
(cf. Schreuder et al. 1993), the joint inclusion probability is
T = TR, Which demonstrates that it is impervious to
the spatial distribution of trees. With a conventional fixed- or
variable-radius plot sampling design,, depends jointly on
the horizontal distance between treand treek’, plot sizes,
and plot shape. However, even in the latter case in which
the spatial distribution of trees clearly affects their pairwise
inclusion probabilities and thus will impact the variance of
an estimator ofl},, the design-based variance of any estima-
tor is unaffected by the presence, or lack thereof, of spatial
covariance between, andy . The notions of spatial dis-
tribution and spatial covariance, and their respective effects
on design-based inference, must be kept distinct. As above,
if the properties of an estimator are contingent upon, i.e., are
derived in a manner which depends upon, a presumed spatial
distribution of they,, € U, then inference is no longer design
based. | touch on this topic later in the section that deals with
misconceptions that have been expressed about line intersect
sampling.

Remark 3

For spatial covariance to impinge on inference, some struc-
ture for the population must be assumed, i.e., a population
model, and this structure must be integrated into the infer-
ential machinery. In the design-based setup, it is not, and
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Fig. 1. (a) Frequency distribution of Liriodendron tulipifera L.

trees, (b) distribution of 73, from 25000 samples of size n = 20,
and (c) normal probability plot of 7.
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spatial correlation is an irrelevant issue. Indictments of clas-

sical sampling theory because “ ... random sampling over
spatial series does not insure that the sampling units are inde-
pendent” (Bellehumeur et al. 1997) are simply wrong. Such
statements fail to recognize that it is the independence of se-
lections that is crucial in classical sampling theory and that
establishes the validity of design-based inference. This mis-
conception appears to be prevalent not only in the natural
sciences, but also in the environmental and geological sci-
ences (Brus and de Gruijter 1993).

Doesfy follow a Gaussian distribution? Assuredly not,
for even under SRS with replacement the sampling distribu-
tion is bounded from below by the estimate from the sample
comprisingn repeated selections of min(€ U) and from
above by the estimate resulting from the sample oépeated
selections of max(. € U). Finite population versions of the
Central Limit Theorem have been expounded, e.g., bjeK
(1960, as cited in &ndal et al. 1992, p. 59), which rely on
carefully crafted asymptotic expansions. For reasons cited by
Sarndal et al. (1992), the reliance on asymptotic results has
limited appeal when one seeks an interval estimator of a fi-
nite population parameter that attains its nominal coverage, or
close to it. Nonetheless, it is customary to regard the erstwhile
t statistic

T g (Ty) *Q(Ty)

as being approximatelydistributed using some appropriate
estimator of variancé {g (fy)} . Lacking an exact theory for

interval estimation, it is remarkable how closely confidence
intervals based off achieve their nominal coverage in many
situations, as has been borne out empirically many times.
Deviation of 7 from thet-distribution typically is most acute

in the tail regions, so that nominal 80% intervals perform
better than 90% intervals, which in turn perform better than
95% intervals, and so on, where performance is judged as
the relative departure of the actual coverage rate from the
nominal rate.

Skewed populations will affect the distribution df Pos-
itive skew introduces a positive correlation betwg;e(ﬁ“vy)

andv {g (Ty)} , thus causing intervals based on thaistrib-
ution to fail much more often from below than from above,
where failing from below means that the upper endpoint of
the interval is less thag(7y); negative skew induces the
opposite effect. This phenomenon, mentioned by Royall and
Cumberland (1985), was examined in detail by Gregoire and
Schabenberger (1998) for the HT estimatgrand the ratio

estimatorfR = (fy/ﬁ) T, following SRS without replace-
ment.
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Table 1. Four-element population of Example 2.

Can. J. For. Res. Vol. 28, 1998

k 1 2 3 4
xr 1.0 15 2.0 22 T, =6.7
yr 100179 163906 175726 2.39258 T, =6.79068

R =1.013536
Poy = 0.94

Table 2. All possible samples and corresponding estimates for Example 2.

Sample Sample z,y pairs R Tr
a 10, 100179
15, 163906 10563 7.0775
b 1.0, 1.00179
20,175726 09197 6.1619
¢ 1.0, 1.00179
22 239258 10607 7.1070
d 1.5, 1.63906
20,175726 09704 65015 E {TR] — 6.7382
e 1.5, 1.63906
22 239258 10896 73005 @V [fR] —0.1584
f 2.0, 1.75726
22,239258 09881 66200 /MSE [fR] — 0.3799
Example 1

Figure 1a displays the frequency distribution of bole vol-
umes from a set of 336 yellow-poplar trees (Liriodendron
tulipifera L.). Typical of many biologica populations, the
positive skewness of this population is quite evident. From
this population, 25000 SRS samples of size n = 20 were
selected without replacement using the method described by
Bebbington (1975). The target parameter was total bole vol-
ume, which was 7, = 516.9 m*. Figure 1b displays the
empirical sampling distribution of the HT estimator, T,, of
T,. The mean of this distribution differed from 7}, by a mere
—0.1%, and its variance differed from its anaytically de-
ducible value by less than 0.1%. The closeness of these re-
sults provides some assurance that the sampling error of the
Monte Carlo experiment itself is negligible, despite the fact
that the set of 25000 samples used in the simulation is tiny
compared with the set of more than 7 x 10%* samples in
the sample space, 2. The approximate normality evident in
Fig. 10 is examined more specifically in the normal probabil-
ity plot of Fig. 1c. The concordance with normality is quite
striking in this instance. Of the 25000 confidence intervals
constructed at a nominal 90% level, 88.9% actually included
Ty, 8.1% missed from below, and 3.0% missed from above.
|

To recap some of the salient features of design-based in-

ference: (i) the population is regarded as fixed in the sense

that a fixed value, y, is associated with each eement of the
population (there is no notion that the population has been
“randomized” by some agent or process)) (he reference
distribution is the distribution of estimates generated by the
combination of the design and a specific estimator, anyl (
the statistical properties of estimators are deduced from the
probability weighted moments of the reference distribution.

Example 2

For sake of demonstration, consider a population of size
N = 4 from which an SRS of size& = 2 is drawn with-
out replacement for the purpose of estimating the population
total, 7},. The pairedz,y values are displayed in Table 1,
along with the the population totalg,, 7}, the population
ratio R = T, /T, and the correlation betweenandy, pu.
The sample spade comprises the six samples enumerated in
Table 2; each sample is accompanied by the sample estimate
R =T,/T, and the ratio estimatéz = R x T, correspond-
ing to each sample. Averaging over these six equally likely

sample estimates yields [ﬁg} = 6.7382, from which the

design bias is computed to be a sligh.7% of the targeted
value T, = 6.7907. In the design-based framewoiK; is a
biased estimator of’, irrespective of any stochastic pro-
cess that actually may have generated the population. This
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is commonly misunderstood, perhaps after reading Cochran’s Fig. 2. Relationship between area and weight for a population of
(1977) statements of conditions under which the ratio estima- N =64 leaves.
tor is a best linear unbiased estimator (BLUE). Yet Cochran

also unequivocally asserted that BLUEness obtains only when 85
one bases inference on the modél = (X + ¢, where |
e ~ N(0,02X). The import of this assertion appears not e oceo
to be appreciated by many who believe that design-basec 80 ees’s
o [ e o0 o
unbiasedness obtains under the same conditions that ensui ®3 l e "2,
model unbiasedness. This example dispels that notion, as th E 25 e*%8° .
data analyzed here actually were generated By-a 8X +¢ ~ : * .53
model. | visit this topic again in Exampleb@vhere this pop- g 20- s
ulation is reanalyzed from a model-based perspecive. ] )
§ 15 (3 )
Example 3 : o
With a systematic sampling design, there are many ways 10- * -
in which auxiliary information,z; € U, can be utilized in 1
order to increase precision of estimation over that possible e
when the auxiliary information is ignored. Aside from the 0.02 0.06 0.10 0.14 018 0.22
ratio estimator, an effective method is to sort the population * : ’ ) ’ )
in order of increasing value of the, € I/ prior to sampling Leaf mass (g)

(cf. Sarndal et al. 1992). As with other uses of auxiliary in-
formation, the gain in precision to be realized increases the ~
more strongly the auxiliary information;, is correlated with wheret = T, /a. The last expression makes it quite evident
the characteristic of interest,. As long as the correlation that the variance of the estimator is the variance among es-
is positive, then the act of ordering the population induces timates. However, the effect of ordering can be appreciated
a correlation between adjacent valuesypfin the ordered better by reexpressing eq. 5 in terms of the average correlation
population that is akin to a spatial correlation. Consider the among pairs ofy;, in the same systematic sampjg,:
population ofn = 64 leaves shown in Fig. 2; the correlation -
between leaf areéy) and leaf weight(x) is p = 0.89, and 6 vIT] = N-ay 1 1
. a _ (6] y| = [ +(n— )pw]

the population totals aré, = 1582 cm? and 7}, = 7.91 g.
Prior to ordering by increasing leaf weight, the correlation
between adjacent leaf area values was 0.143; after ordering
it was 0.85. Precisely because this lag 1 correlation is so : L .

. N makesp,, negative and, it is hoped, lessens its value from
strong, the effect of ordering on estimation is to decrease the SRw T

what it is in the population’s original order.

variation amon mpl nd hen r he varian . .
ariation among samples, and hence to reduce the variance For this example, all 10 of the samples possible from a 1-

of an estimator ofl;,. To be specific, consider the sampling . ) . -
- . . : . in-10 systematic sampling from the original, haphazardly or-
strategy consisting of a 1-im-systematic sampling design . :
; . : dered leaf population were selected. Then the population was
(eachath element is selected) coupled with the HT estimator . ) s . :
arranged in order of increasing leaf weight, and all 10 possi-

of 7, The l-ina design ensures thé consists of exactiy ble samples under this ordering were selected. From the un-
samples, and tha'[v] = E[n] = N/a.! Because each ele- P 9 '

ment of the population can appear in but one of the possible ordered population,‘/V {fy} = 175.6 cm? whereas from the
samples;t, = 1/a,k =1, ..., N, and theT, estimator in
eq. 2 collapses to ordered population, /V/ [fy} = 130.44 cm? — a 26% in-

crease in precision simply by ordering. The root mean square
error of the ratio estimato@R = (fy /T}) T,, with the or-

wheret, = 3", . vk The variance off}, as shown in eq. 3  dered population is smaller yet3.1 cm?. Clearly, ordering
collapses to has an effect on precision, yet precision, or accuracy in the

case of'g, is reckoned solely on the basis of between-sample
variation of the estimates, not on within-sample variation and
“ covariation.ll

(see Cochran 1977, p. 209a%dal et al. 1992, p. 79). Or-
dering by size of the auxiliary variable is beneficial when it

[4] T, =at,

[5] 4 {Ty] - GZ (ts, = 0 Despite being the dominant paradigm in survey sampling
r=1 for well over half a century, inference on the basis of the sam-

pling design has not met with universal acclainjék (1981,
L The sample size, n, will be random unless mod(N, a) = 0. p. 34) complained “What relevance have samples that could
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have been drawn and their probabilities, if we know that they sample actually observed; it is the variability of the possi-
have not been drawn? Should not inference be based just on ble realizations ot for the set ofX values observed in the
the particular sample that has been drawn?’ Sarndal (1978) sample, where “possible realizations” are governed by the
speculated that “Someone like R.A. Fisher would more likely distribution of Y stipulated in the model. For valid inference
have considered that the randomization is important before,in the model-based approach, sample selection still must be
but not after, the data have been collected.” Some statisti-uninformative (see &ndal 1978) with respect t&, but it
cians view the randomness imposed by the sampler to be arindeed may be informative, even purposive, with respect to
artificial basis for inference (e.g., Basu 1978; Fisher 1956, X and, depending on context, spatial locatidf).(

p. 99). Sampling with probability proportional to size and the In the design-based approach, no uncertainty ab@Lif)
consequent assignation of differential weights to observationsremains when the entire population is censused; in the model-
depending on their size is a tactic that, if not anathema, is re-based approacly(7},) is a random variable, and therefore,
garded as at least peculiar by many, although it seems utterlyuncertainty about its distribution remains even after a popu-
natural to proponents of the design-based approach. (The nofation census, as the superpopulation paramefegenerally
tions of conditioning estimation on the observed sample and will still not be known with certainty.

the disregard of sample probabilities, at least for the sake of

inference, are features .of the model-based approe_lch.) Fi”a_”y'ExampIe 4

when studying populations that change both in time and in
composition, perhaps for the purpose of estimating growth or
change, then the credibility of treating the population as fixed [7]
strikes some, e.g., Eriksson (1295as rather Procrustean.

Consider the mean model given by
Yei=p+oer, e ~N(@0,1), cov(er,er)=0

Under this model}, ~ N (Np, No?). If a SRS of sizen
4. Model-based inference is selected, the estimat@®, = Ny has aN(Npu, N?c?/n)

o~

: . istribution. Compare this result with the moments
The fundamental difference between the design-based andd P Tof

the model-based approach to inference in survey sampling isunder a design-based approach in Wth{Ty} =1y a
that the valueg, ..., yn are regarded as realizations of ran- [A} _ N2,2(1 _ 1 ;
dom variablesy;, ..., Yy (Sarndal 1978; Thompson 1997), fixed constant, and” |7, AN %y ( N) when SRS is
and hence the population is a realization of a random processwithout replacement and’ {Ty} = N?07/n when SRS is
called generically a model, a “superpopulation” model, or with replacement. The differences are subtle at first glance,
just a superpopulation. Not only may inference be concernedput meaningful from an inferential standpoint: in the design-
with one or more parameters of the survey population, e.g., based arendly, p, = T,/N, and ‘712/ = N1 Y oneu Yk —
9(T}) as in the preceding section, but also parametersfsay )2 are all population parameters whergasand o are

of the superpopulation. Because the presumption of a modelmodel parameters in the model-based approachZnis a
broadens the inference space to include superpopulation parandom variablel

rameters, it requires more assumptions than the design-based

approach. But in this regard, it accords with nearly every- Remark 4
thing else one does in statistical estimation and prediction: a

model is assumed based on prior experience and subject mat- . For IargeN, one would expect'that the mean of the re-
ter knowledge, the model is fitted to sample data according alized population . WO_UId be quite c_Iose in value to the
to some criterion (least squares, maximum likelihood, mini- mean i, of the St(_)ChaSt'C brocess ha_vmg g(_enerated the pop-
max risk), the goodness of fit is checked, alterations are mademat'on’ and likewise that the population vananc@, would

if deemed warranted, and eventually the results of the fitted b]:a'c;ose to t.he hsuperraoan;)latiog varianoér; ;’he vzlidity h
model are proclaimed. This familiarity with fitting models to of inference in the model-based approach depends on how

data is for some the appeal of model-based inference in thewe” Y. accords with the stipulated model whereas no model

context of sample surveys (cf. Thomson 1978). of population behavior is presumed in the design-based ap-
. . B proach.

| view a model in a broad sense “to mean any assump-
tions about the structure of the population” (Smith 1994). The
specification of the model may be quite exacting, e.g., the Remark 5
conditional distribution ofY” on X, or it may be something Had the sample in Example 4 been selected purposively
comparatively unstructured, e.g., an assumption of a Poisson— say by choosing the/2 elements at each end of an ordered
distribution ofY". Irrespective of the level of detail stipulated (by something other than) list — the reference distribution
by the survey analyst, inference in the model-based approachunder model [7] remains unaffected whereas the reference
stems from the model, not from the sampling design. The ref- distribution under the design collapses to the single obtained
erence distribution is the distribution &f for a given sample,  valueT,. Model unbiasedness is unaffected by sample selec-
not the distribution ofY” over all possible samples. For ex- tion, yet design unbiasedness is not. For sake of inference
ample, estimator variance is reckoned conditionally upon the under model [7], sample selection must be noninformative,

1
n
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in the sense as explained by Sarndal (1978, p. 33), but it  Thus, 3 follows aN(B,0%/Tx) distribution.®

need not be probabilistic. The design is irrelevant to infer- Two things highlighted by this example deserve repeated
ence when the reference distribution is established by theemphasis:ij even after fitting the model to the entire pop-
model, yet obviously, it is all important to inference when ulation, the model parameters, and o2, remain unknown;

the reference distribution is established by the design. (i) since properties of estimators are derived conditionally on
the observed sampleX;. is treated as a constant throughout
Example 5a these derivations. In the design-based framework, an estima-
Consider the regression model with correlated observa-toF of 9(T}) is unbiased if its expected value with respect to
tions given by Fhe design coincides with(T},). Obviously, t_hIS. loses force
in the model-based framework becauysé’,) is itself a ran-
Yi = o+ 51Xk + o€, e, ~ N(0,1), cov(eg, ) = p dom variable, not a population parameter. In this framework,
an estimator ofg(7},) is said to be model unbiased when
Thus, T, ~ N(ﬁo + ﬁlTx,NUQ[l + (N - 1)p]). E,. Q(Ty) _ g(Ty)} —0.
Example 5b
Consider the regression-through-the-origin model Remark 6 .
How is one to interpret a statement such as “It should be
Yi = BXk + cer/ Xx, e ~ N(0,1), cov(eg, epr) =0 mentioned thaf? is an unbiased estimator & if and only if

the relationship between andy is linear and goes through
A weighted least squares fit of this model to the entire pop- the(0,0) point on thex—y axes?” (Shiver and Borders 1996,

ulation, namelyY,, X, k=1, ..., N, yields p. 160). Clearly, this statement is true when inference is based
R on a model that correctly specifies this relationship and when
B=T,/T. =R the distribution posited by the model is used as the refer-
R ence distribution from which the properties of estimators are
Using the postulated distribution feg, it is evident that3 derived. Just as clearly, it is false when the randomization
is unbiased for3: distribution is used as the basis for inference, irrespective of
whether the model holds, e.g., see Example 2. Without further
2 Ew([Ty] 1 gualification, such a statement is at best ambiguous and at

Eln [6] - - Em Z Yk' . . . .
Tx Tx b=y worst misleading. Survey designers who rely on the design-

based context of Shiver and Borders, for example, to assert
the design unbiasedness of the ratio estimator will discover

1 such an assertion to be justly challenged.
= En ZﬂXk-FU%\/Xk
Tx keu
Example 6a
1 The N = 4 population of Example 2 was generated by
=7 Z E., [gxk + Tepn /Xk} the mode! of Examp_le Bwith g =1 gnd 0% = 0.05. The
X reu BLUE estimator ofg is R = Y /X, as first noted by Brewer

(1963). For samples of size

B % Z (6Xk + B [ng\/X_k} ) Vi(R) = < ! >2 Z Vin (Ve | Xi)

kel ZkeS Xk,

keS
- L Z (ﬁXk + 0Fm [e] Xk-) o?
(& vy | | -3 X,
ZkGS Xk
1 and where the subscript “m” again indicates expectation with
=7 D BXe=p respect to the model. For maximum precision, therefore, one
X reu should choose that sample that maximi2€g s Xx. Such

purposive selection is a foreign notion to design-based devo-

where the subscript "m” indicates expectation with respect to tees, who will rely on stratification to achieve a similar result.

the model. Since the model stipulates that[Y: | Xi] =

%Xy, then
Example 6b
v 3] = 1 2y, — 0_2 Under the model of Exampleb5Sthe best linear unbiased
m ﬁ T2 Z o k T . . - o =~ .
X keu X predictor of 7}, is the familiar’r = R x T,. The variance

©1998 NRC Canada



1438

Table 3. Variance of Tk under the
model considered in Example 6b.

Sampl e Tr Vin [TR — Ty}
a 7.0775 0.5626
b 6.1619 0.4132
c 7.1070 0.3664
d 6.5015 0.3063
e 7.3005 0.2716
f 6.6200 0.1994

of T under the modd is defined to be

(ZYkJrRZXk)

keS keR

Vo [T =Ty | =V,

(ZYHZYk)

kesS keR

:‘/In

RY X =) %

keER keR

2 (Z Xk,/ZXk>QZXk

kER keS keS

+ UQZXk,

kER

= o°T, (Z X/ > Xk>

keR keS

where R indicates the set of elementsin ¢/ but not in S. The
variance of T’ under the model for each of the six samples
of Example 2 is displayed in Table 3. The model can be used
= X R. These predicted values

to predict values of Y, as Yy
provide an unbiased estimator of o2, namely:

Gr=(n-1)"") (k- Yi)?/ X

keS

which can be used to compute an estimator of

¥ |Te - 1| = 3°T2 <ZXk/ZXk>

keER keS

which Royall (1971) called “a useful, if crude, indicator of

the after sampling uncertainty” itfi.

V., [fR _ Ty} :

Can. J. For. Res. Vol. 28, 1998

Remark 7

Within a modeling framework, it is customary to deter-
mine optimal estimators, such as the BLUE in the preced-
ing example. Doing similarly in a design-based framework
is fruitless, as first established by Godambe (1955; also see
Lanke 1975)1

Example 7

Consider the simple mean model of Example 4 again.
Suppose now that the SRS design is replaced by one in which
the inclusion probabilities are unequal. The bias, where ex-
pectation is reckoned with respect to the model, of the HT
estimator is

En[T, —T,] = En -

Zﬂ'k Yl\

keS

y

Z 7Tk n+ Uék

keS

_ Ty

=Y m (u+ Enloa]) - Nu
keS

Thus, wheneve}", s ;' # N, the HT estimator is a bi-
ased estimator df, when inference is based on model [7] of
Example 4. The bias may be slight in large samples: because
S kes T | is the HT estimator ofV, it is design unbiased as
an estimator ofV, and consequently, its deviation from is
expected to be small in large samples. Nonetheless, the model
bias of the HT estimator],, is nonzero, in general, under
unequal probability sample designs, a result that is anathema
to many proponents of design-based infereflite.

A further contrast of the design-based approach and the
model-based approach but with a continuously distributed
population is considered next.

Example 8

The effect of harvesting and site preparation on soil tem-
perature is an important concern of forest management. Let
A denote a region recently harvested whose area is

A:/dZ
A

where Z indicates location in the two-dimensional plane of
A. In the following, | abide by the convention used in the
preceding section but not mentioned explicitly, of denoting

a random variable in uppercase and a fixed quantity in low-
ercase. Suppose that the objective is to estimate the average
soil temperature within4. In the design-based framework
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the target parameter is u, = A™' [, y(2) dz, where y(2)
represents the soil temperature at location z. One can choose
n locations independently and uniformly at random over A,
i.e, an SRS of n pairs of coordinates aong orthogonal axes,
in which case, each sample location Z is random (under the
design), and then estimate p,, by

g=n""Y (%)
k=1

where Z;, is the kth randomly selected location. The variance
of yis

Vigl=A- /A(yw) ) d
which is estimated unbiasedly by
715 = (ntn— 1) (w(Z) —5)°

kes

As with Example 3, the spatia correation is an irrelevant
concern when variance is reckoned with respect to the ran-
domization distribution.

In a model-based framework, one could envision asimple
mean model

Y(z) = p+e, e ~ N(0,0%)

cov(Y(2),Y (2 + h)) = a°C(h), h>0

In this setup, C'(h) denotes the spatial correlation in soil tem-
peratures separated by a distance A on the ground. Interest
may focus on the fixed parameter, 1, or the finite population
value

- A—l/AY(z) dz

The minimum variance linear unbiased estimator of 4 is, from
de Gruijter and ter Braak (1990), the generalized least squares
estimator

where 1 is a unit vector of length n, C; isthe n x n sam-
ple covariance matrix, Ys(z) is the n-vector of sample soil
measurements, and V,, [1x] is the scalar variance of [, viz.

Vi [ii] = (C M)

| emphasize that in this model-based framework, soil tem-
perature is the random variable, while sample location is re-
garded as fixed: even if sample locations z;, € A are selected
a random, that fact plays no role in estimation and inference.
The upshot of this circumstance is that it may behoove the
sampler to locate the 2z, according to some rational design,
e.g., to spread the sample out evenly over A. In this frame-
work the correlation among the Y (z;,) variables is explicitly

1439

treated via C,. The estimator ;. remains model unbiased even
when the spatia correlation is ignored, say by setting C, to
the identity matrix in eg. 8; however, i would no longer be
BLU.

The best linear unbiased predictor (BLUP) of the spatial
mean, Y, is

Y =fi+ (C7' = Va()CT'ICT') CsaY o(2)

where J = 11’ and C'57 4 denotes the vector of mean co-
variances between each sample point and al pointsin A (de
Gruijter and ter Braak 1990; also see Corsten 1989). B

Remark 7a

Does Y differ from p,? Yes: p, in the design-based
framework is a parameter of the fixed population whereas
Y in the model-based framework is a random variable.

Remark 7b

It is beyond the scope of this article to discuss ways in
which C(h) and hence C might be parametrized; | defer
to Cressie (1991), Deutsch and Journel (1992), or other texts
on spatia statistics. Ripley (1981) described several spatia
point processes; Diggle (1983) described tests for complete
spatial randomness.

Whether 1 or Y is of principal interest depends on the
purpose of the investigation. The model mean may be of inter-
est for process-oriented investigations whereas the population
mean may be more relevant when interest lies in the specific
region A, not to some broader inference space (de Gruijter
and ter Braak 1990). In other words, Y may be the focus
of attention when a particular population within A is the pri-
mary concern; when the process that generated the popul ation
is the primary concern, then ;. will more likely be the focus
of attention. For example, if one is interested in discerning
whether different combinations of harvesting and site prepa-
ration regimes affect soil temperature, then 4, not Y, will be
the object of interest: Y will vary among replicates of stands
subjected to identical treatments.

To recap some of the salient features of model-based in-
ference: (i) the population is regarded as a redlization of a
stochastic process, and the value y;. associated with the kth
population element is a redlization of a random variable, Yy,
(i) the reference distribution is the probability distribution for
Y € U stipulated by the moddl, (iii) the statistical properties
of estimators are deduced conditionally upon the observed
sample and the stipulated model, and (iv) the sample design
isirrelavant to inference, athough probabilistic selection may
help to make estimation robust to model misspecification.

One of the chief complaints lodged against using a pre-
sumed model as the basis for inference, indeed perhaps the
major impediment to broader employment of model-based
inference, is the potential for serious bias when the mode
is misspecified. This lack of robustness is the magjor theme
explored in Hansen et al. (1983). Various tactics, such as de-
signing the sample to be “balanced on X" (cf. Royall and
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Herson 1973a, 1973b), have been proposed as a way to make mensional and size characteristics associated with them. In
inference more robust in the event of model misspecifica- particular, particles need not have a convex shape.
tion. Nonetheless, there remains a pervasive suspicion that Suppose that a transect has orientatiowith respect to
the model is riskier than the design as a basis for inference. some established baseline, and that its midpoint is located uni-
In paralel to the complaint against design-based inference formly at random within the regiol. Kaiser (1983) showed
that the source of randomness is artificial is the following that the conditional probability of including theh particle,
complaint voiced by Smith (1994) about the use of models: say Py, is

...models, in the strict scientific sense alowing for _ _ wi(0)L

replicated measurement, do not exist in much of sgocial [°] Prob(ly =110) = A

science. In the absense of models for the underlying
social processes which are generaly held to be true,
model-based inferences lose all their desirable proper-

whereA is the area ofd andwy (6) is the perpendicular dis-
tance between parallel tangentsAp. (If wy(6) is measured

ties. by calipers, the twin arms of the calipers would be oriented
parallel tod; see Fig. 3.) In eq. 9, it is assumed that the
Those of us involved with devising sampling strategies to numerator and denominator are scaled to identical units of
monitor recreation use, e.g., Gregoire and Buhyoff (1998), measure.
are sympathetic to this view. Moreover, many involved with The unconditional inclusion probability @ is
multiresource inventories of biological phenomena would ar- I

gue similarly to Smith — believable biological models simply  [10] ~ Prob(Ix = 1) = Eg[wk(0)] 1
are lacking in many settings and circumstances. As Olsen and
Schreuder (1997, p. 174) succinctly stated, “The dynamics where
in forest and range lands are still much too complex for us 1 [~
to mimic them realistically with models, and numerous key Eg[wi(0)] = —/ wy(6) df
variables cannot be measured yet in a practical manner.” T Jo

and where in this contextr is the universal mathematical
5. Line intersect sampling constant, not an inclusion probability. Let be an auxiliary
variable, whose value may vary among g € U and may
depend upon the orientatiofi, of the line transect. When its
value depends on whefB; is intersectedy, is a random

Does the validity of inference for estimators of population
characteristics based on line intersect sampling (LIS) depend
on the random orientation of the population elements? One_,_ .
) . : variable.

Is certainly Ied_ to believe S0 f_rom Battles et al. (199.6) who Again drawing from Kaiser (1983), a conditional estima-
stated: “A basic assumption is that the sampled objects ar - of T per unit area, i.e.) — T, /A, is

randomly oriented with respect to the transects.” Shiver and Y T yree

Borders (1996, p. 311) gave the same impression: “Note that ~ 1 Tryrlr

one of the assumptions underlying line intersect sampling is Ae = A Z m

that bolts lying on the ground are randomly oriented. ... To ke

avoid problems with nonrandom orientation of bolts, several gnd an unconditional estimator afis

transects should be run in different directions.” Many devel-

opments in the theory of LIS have indeed been predicated on XU - 1 Z _TeYreli

the assumption that population elements, or particles in the A ey Eq [mk,lk,]

lexicon of LIS, are both located and oriented uniformly at

random inA. However, it is hardly necessary to make such Example 9

restrictive assumptions that are almost surely never satisfied  gypnosay, is the areagqy, of P, projected onto the hor-
in practice — Kaiser (1983) provided an elegant and thorough jzontal plane of A. Thus, \ is ground cover expressed as
derivation of estimators and their properties “by assuming, as 5 proportion, rather than a percentage. By lettingbe the

is done in sampling theory, that the population is fixed and length of P, coincident with the transect line:
that randomness enters the problem only through the sampling '

ilcgeme. Failure to recognize the design-based gpproach in E[mk,lk, | 9] — B, [mk[k] _ arL
not only has resulted in unnecessary complications of A
sampling design and execution, but also in characterizations
of LIS that are baseless from a design-based perspective.

In the design-based approach, randomness is introduced + SV 1 Zx
via the probabilistic location, and possibly orientation, of the c L k
line transects of common length Both the spatial arrange-
ment and shape of the particles (bushes, rocks, grasses, etclhis estimator of cover was demonstrated by Canfield (1941),
in the population are regarded as fixed, along with all di- although Kaiser (1983) indicated that geologists may have

Thus,
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Fig. 3. Particle on A and the maximum distance perpendicular to L that has orientation 6.

used it half acentury prior to that. The judicious choice of the Example 10

auxiliary variate, x, to be the length of intersection obviates Let 2, = yx = 1 for all P, € U. Thus, T, = N, and A
the need for the direct and more difficult measurement of is the density/N/ A, of particles inA. For a fixed orientation
projected area, ay, as attempted by Battles et al. (1996). B of the transect line:

The conditional estimator, XC, is prudent when the sam-
ple is designed with line transects having a fixed, common N = 1 Z 1
orientation. If both the location and the orientation of the L = wi(0)

transects are alowed to vary randomly, then the uncondi-

tional estimator, A, should be used. Within the design-based whereas for a random orientation
mode of inference, whether the transect orientation is fixed
or random is a design option that need not be considered for Ay = — —
the purpose of countering a lack of randomness of the popu- kes
lation particles. Especially in view of foresters' longstanding

familiarity with inventory of systematically planted stands of

trees, a concern that trees or any other aspect of the forest be

randomly placed seems rather odd, and indeed is unnecessargxample 11

A result discussed by Btern (1956) can be used to sim- Let P, be thekth road within.A, and lety, be its length.
plify the unconditional estimator),, in certain situations. In this situation,\ is the number of kilometres of road per
Specifically, whenz), = 1 by design, therfly [z).1;] equates  square kilometre. By letting:, be the number of intersec-
to eq. 10. Moreoverfy [wy(0)] = wj/m, wherew;; is the tions of the line transect wit#®,, one can readily estimate
girth of the convex hull ofP,. projected onto the horizontal  ynconditionally with
plane of A.2 This is an exact result, providing that the ac-
tual girth of P, can be measured with negligible error. As Ay = T Zxk’
an alternative to measuring the girth Bf, a two-stage sam- 2L 7~
pling strategy can be employed, where the methods presented
by Gregoire and Valentine (1995) can be used at the secondThis was first deduced by &tern (1964) and later used by
stage of sampling to provide a consistent estimate of the girth Skidmore and Turner (1992) to assess map accullcy.
of Py. Kaiser (1983) should be consulted for many other special

cases and examples, all of which are derived under the tra-
2 For this reason, a diameter-tape measurement of diameter at breast height diti_onal desigr_]_ba.sed framewor_k of a fixed population about
(DBH) can be regarded as the expected value of a randomly oriented which no distributional assumptions are made in order to val-
calipered measurement of DBH. idate inference.
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Remark 9

The mirage method of Schmid-Haas (1969; also see Gre-
goire 1982) is well known in forest inventory as a means to
avoid design-based bias that otherwise would accrue when
inclusion areas of trees near the stand boundary are truncated
by it. The same method has been adapted to LIS within the
design-based framework by Gregoire and Monkevich (1994).
Other methods of avoiding edge-effect bias exist; see Kaiser
(1983) or Thompson (1992, p. 231).

In wildlife studies, atechnique similar to L1S as described
above is prevalent. In this context the particles are animals.
Rather than being selected into the sample when the line
transect actually crosses an animal, an event unlikely to occur
with most live specimens, it is selected and counted when
sighted by an observer traversing the transect. Estimation of
animal abundance or density is based on an assumed detection

function (Seber 1982, pp. 460-471). Because this assumed
detection function affects the reference distribution, inference
about population parameters is model based. Peilou (1985)
distinguished LIS from both line intercept and line transect [11]
sampling. While line transect is used fairly consistently to
indicate the sampling of wildlife populations in the manner

just described, the other two terms are used interchangeably

in the literature of the past few decades.

Fixed- and variable-radius plot sampling

Can. J. For. Res. Vol. 28, 1998

which accords with the design-based paradigm that the pop-
ulation is fixed but the sampling location is random: is
the proportion of the regiotd within which a plot can be
located such thaty,, < v,. Note thatp, is a property of7,
fixed by the sampling design, not the sampling locatify,
and thus, it is not a random variable but a constanflis
closer to the edge ofd than vy, p, will be less than what
it would be had it been further from the edge than Plots
located near the edge have absolutely no effecp,ofor all
7. € U; see Gregoire (1982) for an elaboration of the cause
of “boundary overlap,” as it is commonly known.

Denote the HT estimator df, from the sample atZ,,

by
S Yelem
Tym = Z
kel Pk
which is unbiased and has variance

V| Tym| = Y2 (1 ;kpk>

kel

+ Z Z Yk (pkk’ — PrPr/ )

kAk!eU PP

In eq. 11,pxx- is the proportion of4 within which a plot can

In this penultimate section, | consider the independent pe |ocated such that both,, < vx andtg.,, < vi.

placement of\ sampling locations within the forested region

Using the same estimatdl, at each of theM loca-

A. Each location serves as the center of a circular, fixed- tions provides)M independent estimates @t,. Moreover,

radius plot or of a variable-radius plot, with the understanding

that the same type of plot is established at/dlllocations.

Within 4 are N trees that collectively form the population of

interest. The:th tree will be denoted by, its biomass by,
its DBH by dy, and the target parametery = >, ., yk.

v [fym} =% [fym} for all m,m’ = 1, ..., M, as can
be demonstrated by inspection of eq. 11. For convenience, let
V represent/ [fym} ,m=1, ..., M. Finally, let

At each location, trees are selected into the plot sample M
by means of a distance rule used uniformly throughout the
M locations. Specifically, letZ,,, denote the location of the
mth plot center withinA4 and let¢,,, denote the distance
separating/;. from Z,,,. SinceZ,, is random{y,, is a random
variable, also. The distance rule is thig: is selected into the
sample at7,,, if tx,, < vg, wherevy is the limiting distance
of 7y, namely

Because th&), ,, are independently and identically distributed,
then
[12]  V[T,]=V/M

R, the plot radius, when using fixed-radius plots While T, may not be immediately recognizable, it is indeed
the usual estimator of inventory. For example, when sam-
pling with fixed-radius plots, if the area of the plot is sig-
nified by a and expressed in the same units as the area A,
then except for those trees close to the edges= a/A, so

that T, = (A/aM) M _ V,., whereY,, is the aggregate
biomass of trees sampled on thah plot. The variance ex-
pression eq. 11 has been corroborated by Gregoire and Scott
(1990) using data from a 5.2-ha stand of 4676 trees whose
location and size had been measured. These measurements
enabled eqg. 11 to be evaluated exactly. This value was then
compared with the variance of an empirical sampling dis-
tribution comprising estimates, from 48,000 sample plots

Ry = ¢ di, whereg is commonly known as the
plot radius factor (cf. Husch et al. 1982) when
using variable-radius plots

Thus, if the random variabld,,, indicates whethefZ;, is
selected into the sample at locatigh,, then

1, if tem < v
Ikm - .
0, otherwise

Let pr = Prob(I,, = 1), that evidently coincides with
whenm = 1. A physical interpretation ofy. is possible
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located uniformly at random on the 5.2-ha region via com-
puter simulation. This variance of the empirical sampling dis-
tribution agreed with that value derived analytically in eqg.
11 to within a fraction of a percent for estimators of total
tree frequency, population aggregate basal area, and aggre-
gate volume. A similar verification was undertaken by Nel-
son and Gregoire (1994) for two-stage sampling consisting of
variable-radius plot sampling at the first stage. Here, also, the
analytically derived variance matched the variance observed
from the simulation to within a fraction of a percent.

| use eg. 11 to amplify a point raised in an earlier section.
The spatial distribution of trees affects the joint selection
probabilities py,. But the variance of T), ,,, and hence of T,
does not and need not account for possible spatial correlation
extant among the tree sizes or other attributes. If the analytical
derivation of eg. 11 seems obscure, then at |east the simulation
results, cited above, should help to make this point clear.

A design-unbiased estimator of V[T,] = V/M is ob-

~

tained asthe observed variation among the 7y, ,,, m =1, ...,

M
=MM-1)" | Y T2, - MT?
m=1

The unbiasedness of 37, ] as an estimator of V[T, ] is
proved in the Appendix.

Eriksson (1995b) favored an infinite population approach
wherein points on the ground are the sampling units. For the
purpose of estimating tree characteristics, the difference be-
tween these alternate views may not lead to any important
distinctions — for example, Eriksson (199} arrived at the

same variance estimator as shown above using the superpo
ulation approach. However, for nontree characteristics, her

approach may have considerable merit.

Yet another view is that of Shiver and Borders (1996)

wherein the population consists 8f = A/a plots, from
which n are selected. If the regiodl truly were to be tes-

sellated byN plots, then this approach might be defensible.
Its appropriateness to current practice is questionabled as

rarely comprises a set @df nonoverlapping plots of land.
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of the reference distribution used by the authors as the basis
for inference. Lacking such a statement, readers must try to
gather what they can from context, and, as some of the cases
cited here demonstrate, the intended or implied inferential
basis is not always clear from context.

The distinction between using the sampling design versus
an assumed population model has been emphasized above in
order to help dispel the confusion between the two inferen-
tial paradigms. Under the design-based paradigm the refer-
ence distribution is a consequence of the sample design for
a fixed population. Under the model-based paradigm the ref-
erence distribution is a consequence of a presumed model of
population behavior, i.e., a superpopulation, and the sample
design is ancillary to inference. Oscar Garcia (personal cor-
respondence dated 13 April 1998) aptly reminded me that
I have considered model-based inference from a frequentist
perspective only; Bayes and decision-theoretic approaches are
possible, also.

Is one paradigm preferable to the other? The best answer
| have to offer is an equivocal one: it all depends on the
circumstance and the objectives of the survey. In this regard,
the following sentiment from Smith’s (1994) invited address
to the Washington Statistical Society is most apt. Speaking
about the reconciliation of the two modes of inference, Smith
asserted:

All inferences are the product of man’s imagination
and there can be no absolutely correct method of in-
ductive reasoning.... My overall conclusion is that
there is no single paradigm for statistical inference
and that we should concentrate on identifying the dif-
ferences and enjoy the diversity of our subject.

| speculate that most of us in applied sciences such as
forestry and ecology share this view and are content with it.
We keep modeling tools in one apron and pull them out when
needed for analytical inference, such as fitting a biomass re-

pgr on equation by some optimality criterion like maximum

likelihood or least squares. Another apron is kept stocked
with survey tools to deduce characteristics of a specific bio-
logical population. Occasionally we get caught in a quandary
when data from complex survey designs are needed to dis-
cern relaionships; the purported growth decline of pines in
the southern United States comes to mind in this regard. To
exploit the strengths of both design-based and model-based
inference, Olsen and Schreuder (1997) are trying ambitiously
to combine elements of both paradigms for the purpose of
establishing cause—effect relationships.
S. Stehman (personal correspondence) touched on the pos-

More than a decade ago in this journal, Warren (1986) sible reconciliation of the two approaches when he queried
exhorted scientists who pUb'ISh results of Statistically fitted whether design_based inference can be viewed as model-

models to state explicitly the model structure and assump- pased inference for estimators conditioned on the edent
tions, as well as any apparent deviation of the data from \where

the assumed model. This paper has been written to plea for
similar explicitness when reporting methods and results from

U=A{Ye=yr,keU}

survey sampling. In particular the mode of inference should which carries the implication that th&, are similary fixed.
be unequivocally stated and accompanied by a terse descript have long thought this to be true, but | say so cautiously. |

tion (e.g., Gregoire and Monkevich 1994; Eriksson 1§95

have yet to consider all the implications of this viewpoint.
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Some have suggested to me that an appeal to the central
limit theorem to justify confidence intervals in the design-
based mode indicates the assumption of a model, and there-
fore establishes a link between the two inferential paradigms.
| do not argue vehemently against this viewpoint. | do main-
tain, however, that assuming an approximately Gaussian dis-
tribution (moddl) for the reference distribution is distinctly
different from assuming distributional characteristics of the
population, which in turn establishes the reference distribu-
tion. That distinction serously weakens the link in my view,
as it is the distributional assumptions about the population
that are the essence of model-based inference.

An important point made in various ways throughout
this article is that an estimator may be biased (unbiased) in
the design-based framework while unbiased (biased) in the
model-based framework. Some find this result paradoxical,
yet in my view, it serves usefully to emphasize that the two
paradigms appeal to different reference distributions for infer-
ence. Irrespective of which inferential framework is used, the
effect of measurement error can be pernicious; in my experi-
ence, measurement error rarely is random, and its presence,
and the subsequent bias that it may impart, often is blithely
ignored.

All but one of the many presubmission reviewers of this
manuscript reported that it had hel ped them to appreciate the
difference between design-based and model-based inference
more clearly. More than one also indicated lingering uncer-
tainty on various issues. Therefore, | close with some sugges-
tions for further reading that may help to clarify and expand
upon selected issues raised above.

While | have aready cited many of the authoritative ref-
erences on the basis of inference, as well as the design-
based/model -based duality, there is an abundant literature not
mentioned. | highly recommend the discussion sections fol-
lowing Basu (1978), Royall and Cumberland (1981, 1985),
Hansen et al. (1983), and Brewer (1994). | have found them
to be very provocative and instrumental in cementing my own
views on the matter, and the last named reference provides
an especialy insightful account of dilemmas faced by propo-
nents in both camps. Koch and Gillings (1982) have a brief
but illuminating encyclopedia entry on statistical inference
that specifically contrasts the reference distributions implicit
to the two modes of inference discussed here. Kish (1987)
explores the multiple meanings of the word “representative,”

giving due recognition to the superb series of articles by

Kruskal and Mosteller (1979 197%, 197, 1980) devoted

to the subject. In chapter 1, Kish eschews the model-based
approach in favor of the “population bound” (design-based)

Can. J. For. Res. Vol. 28, 1998

ference and the related issues of likelihood, conditioning, and
exchangeability.

Closely tied to the model-assisted approach to sampling
and inference is the notion of asymptotic design unbiased-
ness (ADU). &rndal (1980) makes an eloquent case of ADU
estimators.

Sampling and estimation for continuously distributed pop-
ulations have received much recent attention, perhaps as a
result of the rapid development and prominence of statisti-
cal methods for the analysis of spatial data. Yet, continuous
populations have been a focus of concern in the literature
of systematic sampling dating back at least to Jones (1948).
Bartlett (1986) considers a superpopulation approach to esti-
mating the population total of a continuous population, and he
makes an illuminating connection to the geostatistical tech-
nique of kriging. McArthur (1987) undertakes a simulation
study of various sampling strategies to estimate the average
level of response surface of a pollutant; he recommendes both
stratified random sampling and importance sampling as the
most precise of those he considered. Cordy (1993) provid-
edsthe theory for HT estimation of parameters of a fixed,
continuous population based on spatial probability sampling.
An important paper both for its readability and its breadth of
coverage of issues relating to spatial sampling of the envi-
ronment is that of Cox et al. (1997).
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Appendix
Using V to represent/ {fym} form=1, ..., M, the expected value o”f[Ty} is deduced as
B . Mo B . M R B
B[o[T,]] = (M - 1)~ |8 <Z T - M(Ti)) = (=)™ | 32 B (1) - (2[77])
m=1 m=1

— (M(M — 1))*1 [i (V[ﬁhm] +Ty2) -M (V 7] +Ty2)

m=1
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